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This study sought to determine whether utilizing visualization in health care would allow a wider 
audience of health professionals to understand geographic, temporal, and multidimensional 
trends in health data. A visual analytics tool was developed in Tableau that allowed users to 
dynamically and interactively interact with the tool in order to understand the impact of ACA 
Medicaid expansion. Data from the County Health Rankings & Roadmap was used (Rankings 
Data). The tool was made available to 5 participants who all had a connection to health care. An 
evaluation of the tool was conducted to determine if a visual analytics approach was useful in 
understanding geographic, temporal, and multidimensional trends and communicating health 
analytics information through the form of a use case. This study concluded that visualization was 
in fact an effective means through which to help a variety of users to understand geographic, 
temporal, and multidimensional trends.  
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INTRODUCTION  
Health care organizations from large insurance systems to pharmacy benefits managers to large 
health care systems and the government, the largest payer of health care, all seek to understand 
their patient populations in order to provide efficacious and cost-effective interventions, 
targeted at the right patient, at the right time. As we move toward personalized medicine, 
stakeholders in health care seek to understand the factors that drive patient behavior and 
outcomes. Traditionally in health care, information regarding analytic health findings has been 
disseminated through the use of research journals, seen as a gold standard for academics and 
industry leaders alike. However, these journal articles are understood mostly by those who have 
graduate-level degrees in quantitative public health. For the wider audience, those on the front 
lines of health care, much of this research is not accessible to be understood. This is where the 
power of visual analytics can come into play. 
Visual analytics combines two techniques, information visualization and data analysis. 
The main purpose of visual analytics is to support the manipulation and exploitation of 
complicated big data, and a holistic view of the data, in order to positively impact on 
analysis and analytic reasoning and decision making. (Vaitsis, 2014) 
 
Visual analytics can seemingly lower the threshold for information understanding and discovery. 
Additionally, visualizations are much more easily understood by a larger audience range. With 
the movement to more evidence-based medicine, health analytics is increasingly seen as 
necessary to understand patient behavior. This requires much more understanding from a 
diverse set of stakeholders, not just researchers, but those that have the power to take 
analytical findings to make decisions and take action to improve outcomes. Visual analytics then 
provides an opportunity to make health analytics more digestible, disseminated, and actionable. 
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This particular project is a case study of the use of visual analytics in health care, particularly 
examining how visual analytics can be used to understand geographic, demographic, and 
multidimensional factors in health care. An interactive dashboard was built to show the 
demographic and geographic variations of insurance coverage and the impact of cost on health 
utilization. 
Motivation  
The motivation for this project was to demonstrate the use of visual analytics as a tool for a 
wider array of stakeholders in health care to gain analytic insights. Particularly, this dashboard 
was used to help understand geospatial, temporal, and multidimensional trends.  The problem 
that I hoped to address was the need for more visual analytics tools in health care, where 
different users more readily analyze and come up with analytic insights on their own. 
Traditionally, analytic information regarding health care has been available only in scientific 
journals. Advanced statistical analysis using methods taught in graduate school and familiar to 
only those with graduate-level statistics training has restricted information to only those users. 
Visual analytics then provides a potential opportunity to bridge this gap and solve this real 
problem. This project aimed to examine whether the use of visual analytics can allow for a 
diversity of end users, stakeholders in health care from different backgrounds, to easily digest 
analytical information in a visual context without seeing it as “information overload.” 
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This project entails a visual analytics tool that provides analytic information and insights to 
health care practitioners in a recognizable format—an interactive dashboard. Specifically, this 
interactive dashboard comes in the form of a heat map that shows geographic and demographic 
variations within the US in the percentage uninsured, the percentage of individuals who could 
not see a doctor due to costs, health care costs, the percentage of preventable hospital stays, 
the percentage of mammography screenings, and the percentage of diabetic screenings (as well 
as insurance status, health care cost, and how cost impedes access to doctor visits in the US 
over a period of years). The interactive map also tells the story of the Affordable Care Act (ACA), 
specifically how the implementation of Medicaid coverage in 2014 impacted health and 
insurance outcomes. Since the dashboard has a time component, providing yearly data from 
2011-2015, pre-ACA and post-ACA, the map allows users to understand the impact of the ACA as 
it relates to the insurance coverage gap. 
The fact that this visualization is interactive adds another level of use for user groups. For 
example, the interactive dashboard might show that insurance coverage is particularly high in a 
given geographic region, but this is not just a static visualization of overall health insurance 
coverage in the US. The user can dynamically interact with the visualization to see how factors 
that might predict health coverage can change the intensity of health coverage. For instance, 
although coverage might be high in a particular region, it might be high only for women who are 
low income and are Hispanic. This sort of question-and-answering, where users can ask further 
questions of the data, is what this interactive visualization allows.   
This analytics tool is also unique because it presents information that incorporates the multi-
dimensionality of health care data. This dataset in particular includes a time component: that is, 
it has yearly data from 2011 to 2015. Additionally, there is a geographic component in place. 
There are county- and state-level indicators for geography, as well as county-level information. 
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A multitude of variables in the dataset also have information about features of a particular 
county of interest. All of these features of this dataset add to the complexity that is invariable in 
health analytics. Being able to tell a story and describe what is happening with a particular 
patient population is always challenging, but the visualization was used to tell this story as it 
relates to insurance in the US, pre- and post-ACA Medicaid adoption.  
As mentioned previously, traditionally this sort of information has been disseminated through a 
more rigorous statistical framework, published in a peer-reviewed journal article format. An 
example of this comes from the article “Early Coverage, Access, Utilization, and Health Effects 
Associated with the Affordable Care Act Medicaid Expansion.” This article looked at the impact 
of Medicaid expansion on insurance coverage, access to utilization, and self-reported health. It 
used data from the National Health Interview survey to conduct this study. The main study 
design used a difference-in-difference method, comparing insurance coverage before and after 
for states that implemented Medicaid expansion versus states that did not. A rigorous and 
thorough analysis of this data showed that ACA Medicaid expansion was associated with 
reduced percentages of uninsured, higher rates of insurance coverage, increased utilization of 
health care, and improved quality of coverage. Obviously, this report is conclusive and has been 
vetted in its accuracy and findings. Indeed, it has been published in the Annals of Internal 
Medicine, one of the most prestigious medical journals in the country.  
This article examined the same topic as my use case: analyzing the impact of health insurance 
coverage after the adoption of ACA Medicaid expansion. Its analysis section included many of 
the same indicators that my visualization tool focuses on. The analysis in the article compared 
states that adopted Medicaid expansion with those that did not adopt Medicaid expansion, thus 
giving it a geospatial component. Additionally, the analysis looked at yearly data, from 2010-
2014, giving it a temporal component. Furthermore, it included a variety of demographic 
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indicators in the model, such as gender, race, age, education level, and family composition, thus 
incorporating a multidimensional variable component. The article was typical of research 
journals in how it presented its findings. There was much more text than visual representation, 
and the format is in line with a scholarly journal—verbose, detailed, and layered with 
methodological rigor.  
In order to understand the article, of course, it is required that you understand the methodology 
and advanced statistical analysis that is used. The article also implicitly assumes that the reader 
is familiar with the ACA and its underpinnings. The research article does include a series of 
figures and tables that provide additional information to support the analysis and conclusions, 
such as baseline characteristics, unadjusted trends of coverage outcomes, and the overall 
changes in health insurance outcomes with the unadjusted and adjusted difference-in-
difference estimate.  
With the article, my aim became clear: to test whether visualization could help support decision 
making as it relates to understanding the impact of the ACA over the more traditional format 
laid out in the journal article. My hypothesis was that visualization would guide different users 
to make informed decisions about the impact of the ACA and come up with conclusions similar 
to those provided in the article. I also believed that the visualization would be more 
recognizable for users, and they would be able to more readily see the geospatial, temporal, and 
multidimensional trends in the data.  
Data 
Data was used from the County Health Rankings & Roadmaps website. The county health 
rankings data was obtained in a national survey and includes information regarding the health of 
residents in each county in the United States. It is an open-source dataset used to understand 
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differences in health outcomes on a county level. Access to the County Health Rankings & 
Roadmaps website can be found here: http://www.countyhealthrankings.org/rankings/data. 
The data was stored locally on my computer in Excel format. Since the data was structured, 
Excel was the main tool used to manipulate and aggregate the data. Tableau was used to create 
the visual dashboard. The variables of interest that were examined in the dashboard included 
state, county, year, percentage 65 and older, percentage 18 and younger, percentage Native 
American or Alaskan Native, percentage non-Hispanic African American, percentage Asian, 
percentage Hispanic, percentage non-Hispanic white, percentage of the population that is not 
proficient in English, percentage living in a rural area, percentage unemployed, average median 
income, percentage female, percentage uninsured, percentage that could not see a doctor due 
to cost, health care costs, percentage of preventable hospital stays, percentage mammography, 
and percentage diabetic screening.  
The Kaiser Family Foundation website was also used to pull information about states that 
expanded Medicaid versus states that did not (Status of State Action on the Medicaid 
Expansion Decision). This state-level information was integrated into the overall dataset with 
most of the variables. Together, these two pieces composed the dataset that was used in the 
analysis.  
Literature Review  
Big Data in Biomedical Informatics: Improving Education through Visual Analytics 
The power of analytics and data science is becoming more and more apparent to organizations 
as they realize that they can leverage their data as a competitive advantage. This is no different 
in health care. Understanding patient data is critical as we move to personalized medicine. 
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Understanding the analytics is not always an easy task. Visual analytics presents another view 
for analytics to be digestible to different users.  
Indeed, in the article “Big Data in Biomedical Informatics: Improving Education through Visual 
Analytics,” the authors recognized that “the emerging field of visual analytics has the advantage 
to combine big data analysis and manipulation techniques, information and knowledge 
representation, and human cognitive strength to perceive and recognize visual patterns.”  
Notably, the main thrust of the article related to the need to improve health care education by 
incorporating visual analytics into the mainstream curriculum. Also highlighted was previous 
research that spoke to the difficulties of physicians to keep up with the medical literature, and 
“proposed to include a journal club in undergraduate medical education to acquire at an early 
stage the ability to critically review scientific literature, a skill needed as a future physician using 
evidence-based medicine.” This laid the groundwork for the impetus for the article. With a 
demand for increasing attention paid to the insights in the medical literature, and the seeming 
difficulty of digesting medical content due to both its size and information content, different 
methods need to be used that provide information to health professionals in a condensed 
format. The authors reviewed the literature and spoke to examples of visual analytics allowing 
for the “disclosure of previously unknown hidden information and patterns within the data.” 
Furthermore, one implication for this in health care was that decision makers could instantly 
review and preview the effects of implemented and future changes.  
All of these factors are main points that this paper seeks to address. Visual analytics can drive 
analytic insights and ease the burden on health professionals, helping them digest analytic 
insight in the midst of information that is complex and not easily condensed. 
Connecting the Dots: Leveraging Visual Analytics to Make Sense of Patient Safety Reports 
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Using visual analytics in patient safety event reporting or “quality improvement efforts” has 
gained traction in recent years. The article “Connecting the Dots: Leveraging Visual Analytics to 
Make Sense of Patient Safety Reports” speaks to exactly this issue. Although there is certainly a 
known need and movement toward using data for patient safety reporting, it is difficult to 
leverage seemingly large datasets comprised of “thousand of event reports.” In this case study, 
they leveraged dashboards as a means of displaying the information, using an “iterative design 
and development process that was end-user focused.” Notably, dashboards allowed end users 
the capacity to “directly manipulate the data, provided coordinated displays in different 
formats, and allowed end-users to zoom on specific variables of interest.” In short, the visual 
dashboard enabled end users to dynamically interact with it and use it to find answers to their 
questions on their own.  
Before the visual analytics dashboard was rolled out to the MedStar Health hospital system, 
prototypes were developed and end-user feedback was sought before a final version was rolled 
out. What came back from the series of semi-structured interviews was an understanding that 
three visualization principles needed to be embedded into the dashboards—namely, overview, 
zoom and filter, and details on demand. Overview, like its name suggests, provides a general 
overview of the data, giving the user a general picture. Zoom and filter allows users to zoom at 
more granular or large-scale levels of the data and select variables of interest, so they can see 
what is going on. Details on demand give users the ability to see specific details as needed.  
Similar to the one adopted in this article, my interactive dashboard uses variable filters, 
overview, and zoom-on-demand features that allow users to directly interact with the data. 
Furthermore, the iterative-design principle was implemented to consistently enhance the design 
of the dashboard at each level. Finally, this study also leveraged end user feedback through 
semi-structured interviews to test the usefulness of the visual analytic tool.  
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Understanding Syndromic Hotspots—A Visual Analytics Approach 
Even classically trained statisticians and epidemiologists, health care officials who work in 
analyzing syndromic surveillance data, can find it difficult to detect syndrome outbreaks because 
many detection algorithms have high false positive ratings. In the article “Understanding 
Syndromic Hotspots—A Visual Analytics Approach,” visual analytics was employed by health 
officials analyzing syndromic surveillance data to find historical time trends, looking at specific 
patient populations and drilling down into the data. If it is challenging for trained researchers to 
find the correct information from analytics, then how much more will it be for operational 
leaders and front-line leaders in health care, who do not have this sort of training? As noted in 
the article, when data sources become more complex, it becomes harder to see more 
meaningful patterns. In order to address this problem, the authors created a visual analytics tool 
that would support analysts with different views—both geo-spatiotemporal and statistical 
analytic views. The tool enabled analysts to see the hard-to-reach patterns in the data and to do 
the type of hypothesis testing and evaluation that was needed.  
My research takes from this article the need to make data interactive and provide end users 
with the ability to drill down into the data to find hidden insight. Furthermore, my research 
seeks to examine the use of visual analytics in understanding geographic and temporal data in 
an analytic view.  
Understanding Variations in Pediatric Asthma Care Processes in the Emergency Department Using Visual Analytics 
In the article “Understanding Variations in Pediatric Asthma Care Process in the Emergency 
Department Using Visual Analytics,” the authors described the use of visual analytics as critical 
to quality improvement in health care. Quality improvement necessitates understanding what is 
currently being done and understanding the variations in current practices to move toward 
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redesign that is efficient, cost-effective, and improves the quality of care. The need for visual 
analytics is key because it “move[s] beyond the traditional static reports and indicators to 
mapping, exploration, discovery, and sense-making of complex processes,” which “enables 
decision makers to digest care process data, see patterns, spot trends, and identify outliers 
thereby removing improving comprehension, memory and decision making.”  
My study seeks to provide a visual analytics tool that is not only a static report tool, but, similar 
to the one in this article, enables users to map, explore, and uncover insights not yet discovered.  
VisualDecisionLink: A Visual Analytics Approach for Comparative Effectiveness-Based Clinical Decision Support in 
Psychiatry 
In the article “VisualDecisionLink: A Visual Analytics Approach for Comparative Effectiveness-
Based Clinical Decision Support in Psychiatry,” the use of visual analytics in comparative 
effectiveness research was discussed. Comparative effectiveness research is a very important 
aspect of health care, especially as we move toward evidence-based medicine as a standard in 
clinical practice. Comparative effectiveness aims to improve clinical decision making by 
providing a risk-benefit assessment for therapeutic drugs for different populations. This often 
requires having a very good data profile of the population characteristics to determine which 
outcome is most effective. Comparative effectiveness research also aims to support clinical 
decision making by limiting the number of treatment options and showing which ones are most 
beneficial to the patient, with the least risk. There is a great need for these sorts of tools that aid 
clinicians to improve patient care.  
Moving to a system where decision support tools can be used at the “point of care” is another 
goal of comparative effectiveness research. Notably, the use of comparative effectiveness 
research has been limited by the amount of patient data that clinicians feel overloaded with. 
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Thus, information overload and limited time are issues that need to be addressed if comparative 
effectiveness is to be actionable at the point of care. Computational approaches to solve this 
issue are certainly a viable option, since computational approaches are good at processing large 
amounts of data and presenting the results in a digestible format for the end user. External aids, 
if they can “rapidly summarize large datasets to provide an overview of the data, instantly 
update the data to determine the effects of different parameters or to incorporate new data, 
and aptly present the results in a format that is easy to interpret,” can improve decision making. 
Visual analytics can serve as just that type of external aid, by allowing the end user to 
summarize, filter, and analyze the data.  
My research seeks to adopt the use of a decision support tool whereby users can quickly gain 
insight from large amounts of data by adjusting different parameters and having the information 
update based on user need. Therefore, the visualization will not be static, but dynamic. 
Visual Analytics in Healthcare—Opportunities and Research Challenges 
In the article “Visual Analytics in Healthcare—Opportunities and Research Challenges,” the 
authors present some of the use cases of clinical data from the perspective of different actors in 
health care. The first is clinicians, who are trying to combine patient medical data to make 
informed decisions. The second is administrators using data to make other decisions, often to 
inform operations. The third is researchers, who are trying to understand different patient 
population outcomes, and the last is patients who are interested in using their data for their 
own use. Visual analytics then seem to be a way to address the problem of information overload 
that is seen in these different use cases.  
Health care suffers from information overload for a number of reasons. First, information 
overload arises when data is too difficult to comprehend, whether as a result of sheer volume, 
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variety, velocity, or veracity. Health care data inherits most of these qualities, leaving 
stakeholders “ignoring, overlooking, or misinterpreting crucial information.” What’s worse, 
given the high-stakes nature of health care, decisions often impact care delivery and patient 
outcomes, and incorrect interpretations can lead to serious negative consequences—“wrong 
diagnoses, and missed warning signs of impending changes to patient conditions.” 
Despite this, visual analytics and big data still show a lot of promise. There are many example 
use cases for this. For instance, the opportunity exists to combine longitudinal clinical data with 
patient-generated data, which would aid clinicians in understanding patient behavior and 
patient progression. Patients could also be provided with information that shows their health 
measurements and helps them understand personalized wellness plans and their offerings. 
Additionally, population-level health insights could be gleaned from analyzing large clinical 
databases. Certainly, hospital administrators could benefit from using visual analytics to aid in 
quality improvement efforts to examine outcome measures, patient satisfaction, and gaps in 
care. All of this, of course, is already being done with the aid of visual analytics. Visualizations 
that are interactive and dynamic while providing statistical output from models go a long way in 
allowing users to better understand insights and make the analysis more intuitive and thus, 
actionable.  
My study recognizes that visual analytics can be made available to a variety of different 
stakeholders in health care—not just researchers, but also health practitioners with very little 
background in statistics. The research done in this paper seeks to examine whether visual 
analytics can prove beneficial for stakeholders by reducing the information gap and lowering the 
barriers to entry for analytic insight.  
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Challenges of Time-oriented Data in Visual Analytics for Healthcare 
The article “Challenges of Time-Oriented Data in Visual Analytics for Healthcare” sets forth the 
point that the complexity and heterogeneous nature of health care data (like many other forms 
of data) make it difficult to understand. That being said, visual analytics is a tool that can make 
the complex structure of the data comprehensible, in such a manner that insights are more 
easily gleaned. The article describes a set of challenges for visual analytics in health care.  
The first challenge relates to the scale and complexity of time-oriented data. The second 
challenge is the intertwining patient condition and treatment processes. The third challenge is 
scalable analysis from single patient to cohorts. The fourth challenge is data quality and 
uncertainty. The fifth challenge is interaction, user interfaces, and the role of the users. The 
sixth and final challenge is evaluation. These are challenges that are probably not specific to 
visual analytics, but exist for analytics in general. However, if visual analytics projects are to be 
successful, it is critical that these issues are addressed and taken into account before the final 
version is implemented. This article clearly articulates the processes my research will undergo as 
it incorporates time-oriented data.  
Visualizing Central Line–Associated Blood Stream Infection (CLABSI) Outcome Data for Decision Making by Health 
Care Consumers and Practitioners—An Evaluation Study 
The article “Visualizing Central Line–Associated Blood Stream Infection (CLABSI) Outcome Data 
for Decision Making by Health Care Consumers and Practitioners—An Evaluation Study” looks at 
how best to publicly report Central Line-Associated Blood Stream Infections to the public. Since 
the system required public reporting, it was imperative that the end user needs were taken into 
account before trying to make a final reporting output. For consumers, navigating health care is 
difficult. Thus, consumers need information to be easily available, accurate, clear, and timely. 
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Also, the system was built recognizing that only half of the US population had enough math skills 
to understand the numbers in printed format. Generally, quality measures are already difficult 
to understand—how much more for consumers who are not familiar with the medical 
terminology? Indeed, consumers were shown to want information that was easy to understand 
at first glance. By collecting information from the user group that assessed the clarity, 
functionality, usefulness, and effectiveness of the display, the researchers were able to create a 
tool that they believed met the needs of the end user. User input is thus a critical part of 
ensuring that visual analytics can be understood by the audience it wishes to serve.  
My research takes from this the understanding that visualization tools must be clear and easily 
understood by a mainstream audience. User needs are certainly something that visualization 
should work to take into account, and that is something this research hopes to utilize for future 
study. 
Methods 
This section describes the methods used for designing and developing the visualization. The 
methods used to compare this visualization with traditional methods of data presentation will 
be described in the evaluation section.  
In this project, an interactive visualization dashboard was created that showed the geographic, 
demographic, and temporal variation of health insurance coverage in the US by county. In order 
to accomplish this task, data had to be pulled, organized, analyzed, and visualized.  
The first phase of this project was figuring out an interesting use case. As someone interested in 
health care policy, I decided the clearest example was something related to the Affordable Care 
Act. Then it became a matter of determining what component of the ACA to examine; since the 
ACA sought to increase insurance coverage, it seemed interesting to visualize insurance 
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coverage as an outcome. The policy of Medicaid expansion was a central tenet of the ACA, and 
thus, it made sense to combine these components and examine the effect of ACA Medicaid 
expansion on insurance coverage. The New York Times also had an interesting visualization of 
the impact of ACA coverage on the insurance rate, and this captured my imagination in terms of 
what was possible (Bui, 2016). The Times article was static, however, and an interactive element 
in the visualization seemed a more interesting component to incorporate. 
After the use case was chosen, moving toward creating mockups of the dashboard was the next 
step. Several mockups of the dashboard were created to illustrate what the dashboard would 
look like before visualizing it in Tableau. Things that were incorporated into the mockup 
included the layout of the map, where the variables and filters would sit, and the overall format 
of the map in terms of presentation. At this point, having an understanding of what the 
visualization would look like was helpful, but it was necessary to move toward organizing the 
data. Toward this end, thinking through how the data should be arranged was critical. It made 
sense, since the data was eventually going to be put into Tableau, to maintain a structure where 
each column would represent a variable and a row would represent an observation. In this 
particular case, each row represented a county-year estimate.  
The next phase in the process included cleaning up and formatting the data from the county 
health rankings. This process was recursive in nature and entailed a lot of data exploration in 
order to understand what each variable represented. The analytic datasets that were made 
available from the county health rankings site were separated by year from 2011 to 2015. It was 
necessary to merge the five separate datasets into one working dataset. This process was harder 
than it looked because not all years had a standard format. The most recent datasets, namely 
2015 and 2014, had the same format, but 2010-2013 had different formats for each year. The 
process of combining the datasets required coming up with selection criteria for the variables of 
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interest and then matching the variables from the existing dataset with variables from the other 
datasets. This is why understanding what the variables represented was so critical. The variables 
in each dataset also had to be standardized to ensure continuity across each record. Once this 
was done, the datasets were combined into one dataset. An additional dataset from the Kaiser 
Family Foundation was included that had information about states that expanded Medicaid. 
This required additional data cleaning, standardization, and merging as well.  
The data cleaning process was tedious, but worthwhile. The process required removing state-
level aggregate information from the county rankings dataset and also removing many variables 
that would not be used in the visualization. A yearly variable had to be created in each dataset 
because it was required by the specifications of the visualization. Standardizing variables across 
datasets often required changing number formats to correspond across datasets. For example, 
in one dataset, numbers were already represented as percentages, but in another dataset it had 
to be converted manually. There was also the issue of standardizing county names to match 
how it should be understood in Tableau. Some municipalities were labeled differently in that 
they did not strictly end with the county names; this had to be edited so that each county would 
end with the county name and the other label would be removed. In order to merge all the 
county rankings datasets together, essentially, the datasets were stacked, one on top of the 
other, from 2015 through 2011. Pulling data from the Kaiser Family Foundation into the dataset 
required creating a year variable, a state variable, and an indicator variable that was a YES/NO 
as to whether it expanded Medicaid.  
The third phase of the work was to build the visualization in Tableau. This required moving the 
dataset from my local machine into the Tableau server, where I would store the data and work 
in Tableau. Once the data was moved into Tableau, it had to be arranged into a dashboard. A lot 
of steps were done to achieve a clean dashboard look. First, formatting the data to make it 
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appear visually appealing was important: for example, including percent signs or dollar signs 
where appropriate for the variable labels. Additionally, a map had to be used that would 
generate the display of the outcome variable in the form of a heat map. Filters were also 
created so that users could select a certain subset of the population of interest and dynamically 
interact with the map to see how certain populations were impacted. When working with 
Tableau, it was also necessary to format the dashboard in an aesthetically pleasing way. This 
meant working on tasks such as changing the font, relative size and placement of labels, type of 
filters, color scheme, and overall dashboard size. In working on the visualization piece, it was 
necessary to think through issues of usability. This meant being intentional about placement of 
items like the title, filter, instructions, and the map itself. Finally, a lot of natural data validation 
was done in the visualization phase.  There were points where it made sense to take a second 
look at the data to see if it was valid, or if there were errors that came as a result of improper 
data abstraction.  
The fourth phase of the work was fine-tuning the visualization. This required making decisions 
about what would ultimately stay or go in the visualization, or what needed further 
rearrangement. Tweaking the dashboard was essential to ensure that it was visually appealing 
and easy to use for the end user. This translated to a lot of checking and adjusting the overall 
look and feel of the dashboard.  
Overall, these four steps were not as clearly segmented as described; rather, the process was 
more recursive, in that each step bled into the next, and at some points it was necessary to go 
backwards or jump ahead. This recursive process came about as a result of the nature of the 
data cleaning process. As soon as data was cleaned, formatted, and analyzed on the map, it 
became clear that there were some discrepancies in the data that required further cleaning. 
Furthermore, data exploration continued not only in the early stages of cleaning the data, but 
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even through visualizing the data and representing it on the map. Formatting the data was also 
done once in the early stages of cleaning the data, and then again once it was moved into 
Tableau. Once data was placed into Tableau, it had to be arranged to satisfy end-user specific 
requirements—namely, a clear, concise, and visually appealing arrangement. Finally, although 
my original mock-up of my dashboard generally remained consistent, based on the data and 
time constraints, it became necessary to remove, add, or rearrange certain elements of the 
initial prototype. Generally, the process of extracting, transforming, loading, and processing 
data is recursive because of the nature of data systems. Data is constantly moving from one 
system to the next, and this requires constant manipulation of data to match the format of the 
system and end-user needs.  
After the dashboard was created, an evaluation of the dashboard was done to test my 
hypothesis. Essentially, the evaluation assessed the impact of using visualization as a means to 
understand the geographic, temporal, and multidimensional trends in health care relative to 
using a more traditional format. The traditional format was a table of statistical results from a 
journal article. The participants in the evaluation were health professionals, including but not 
limited to researchers, health administrators, and health policy makers. Users in the evaluation 
had the ability to interact with the two forms of analytic output. At the end, the two user 
experiences were compared and contrasted to examine the benefits and limitations of visual 
analytics in health care. Furthermore, individuals were able to test the hypothesis that 
visualization allows different users to make informed decisions about the impact of the ACA, 
and come up with similar conclusions as provided in the journal article. Feedback from users 
was also gathered to inform how better visualizations can be built to improve decision-making 
and clinical practice.  
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Dashboard Design 
The design of the dashboard was determined by the data and the task (Erickson, 2011). The task 
consisted of visualizing the impact of ACA Medicaid expansion over time, comparing outcomes 
in states that expanded Medicaid versus those who did not. Having county-level data for many 
of the variables presented an opportunity to create a visual representation that took the 
geographic nature of the data into account. A map seemed appropriate to display not only 
because of the data, but also because the task allowed for it. Users could see the change in 
health coverage in the US, and see this change based on states that expanded Medicaid versus 
those that didn’t over time. Since health coverage, or percentage uninsured, was the main 
outcome variable, it made sense to use a heat map to show the variation in this outcome. The 
heat map would take this outcome variable and represent the values as a color range: in this 
case, red, with different shades to show the increase or decrease of the given outcome. Red was 
purposefully chosen because it seemed appropriate as a color to denote a bad outcome. The 
outcome of interest in the dashboard was the percentage uninsured; it made sense that users 
would look at a darker shade of red to see worsening outcomes, i.e., the percentage of 
uninsured going up, versus a lighter shade denoting the improved outcome, the percentage of 
uninsured going down. 
Different variables were used and displayed on the dashboard to act as filters. This added a level 
of interactivity with the user, whereby the user could use the filters to segment different 
populations and see how the outcome changed as a result. Filters that were used were 
eventually grouped based on three natural groupings of the variables: age and gender, ethnicity, 
and socioeconomic factors. The variables of choice for age and gender included percentage 65 
and older, percentage 18 and younger, and percentage female. For the ethnicity grouping, the 
variables included percentage Asian, percentage Hispanic, percentage American Indian or 
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Alaskan, percentage Hawaiian or other Pacific Islander, and percentage non-Hispanic white. 
Finally, for the socioeconomic grouping, variables included median household income, 
percentage unemployed, percentage rural, and percentage not proficient in English.  
Since the data was also a function of year, a year variable was included on the map as a slider 
that the user could move to change the year that the map would display information for. Since 
the dashboard was also interested in telling the story of ACA Medicaid expansion, a single value 
list filter was also added so that users could filter based on states that expanded Medicaid 
versus those that did not.  
  
 
 Test Design 
The study design was a qualitative, semi-structured interview with individuals who had an 
affiliation with (or interest in) health care. Essentially, a user study was done. Five individuals 
participated in the interview; all participants had at least a bachelor’s degree, and ranged from 
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mid-twenties to mid-thirties in age. The first participant was a Ph.D. student in bioinformatics 
and had spent several years analyzing and working with health care data, primarily genomic 
data. The next two individuals were Ph.D. students in the school of Public Health, department of 
Health Policy and Management. The second participant had spent numerous years as a research 
assistant evaluating health care data, and her research interests included studying health and 
economic outcomes related to long-term care facilities and nursing homes. The third participant 
had spent a number of years working in international health organizations on public health 
missions. In graduate school, her interests spanned international public health policy and 
program evaluation and analyzing health outcomes. The fourth participant was a master’s 
student in environmental engineering who had done quite a bit of research on water 
conservation. The fifth participant was a master’s student in information science. Three of the 
five participants had advanced knowledge of statistical and quantitative measures used in data 
analysis. Two of the participants had a working knowledge of basic statistical techniques.  The 
Ph.D. students in the group had worked toward publication, and most, if not all, had published 
papers in peer-reviewed journals. All participants had familiarity with the scientific method and 
research projects, but the doctoral students had much more intimate knowledge of the process.  
Procedure 
The test sequence for the evaluation consisted of the following:  
 An introduction of the overall research question was given: namely, trying to 
understand the impact of ACA Medicaid expansion, pre and post, on the percentage 
insured/uninsured.  
 If necessary, provide background on the ACA.  
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 An introduction to my interactive visualization tool and how to use it (Appendix A, 
Figure 1). 
 A sequence of figures from the article (Appendix A, Figure 2, 3, 4). 
 Ask a set of questions (Appendix C, Figure 1). 
All participants were first introduced to my research example. It was mentioned to all 
participants that the visualization was to be used to understand the impact of the ACA Medicaid 
expansion, particularly given the geographic, temporal, and multidimensional factors associated 
with its impact. Most of the participants knew of the Affordable Care Act and its impact, but two 
participants asked to be provided with more information about the Affordable Care Act and the 
background of the legislation. All participants were first introduced to the visualization tool in 
Tableau and notified that they would be also be presented with similar information in the form 
of figures and tables from the journal article “Early Coverage, Access, Utilization, and Health 
Effects Associated With the Affordable Health Care Act Medicaid Expansion.”  
Each participant was introduced to the dashboard. Each participant was made aware of the 
functionality of the dashboard, how it was interactive, the data that was represented in the 
dashboard, and where the data originated. Participants were given 10-15 minutes to interact 
with the tool, though some participants took more time. Many participants asked clarifying 
questions as they interacted with the visualization. All participants were then shown the figures 
that were presented in the article related to insurance coverage. Each participant was given at 
least 15 minutes to examine the figures, though some participants took more time. Some 
participants asked clarifying questions regarding the nature of the statistical tests and 
outcomes. All participants were asked the same set of questions after interacting with the 
visualization tool and analyzing the charts and tables in the journal article. 
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The aim of the test evaluation was to assess whether the visualization could be used by 
information seekers in health care as a means to understand geographic, temporal, and 
multidimensional trends. Since both the journal article and the visualization addressed the same 
topic—assessing the impact of the ACA Medicaid expansion on insurance rates—one would 
hope that the users would be able to come up with similar conclusions from the dashboard and 
the article. Furthermore, it was interesting to see whether the visualization provided insight 
without information overload, particularly for participants with a less extensive health care 
background.  
Results 
Often in analytic development there are three phases of analysis. The first is exploratory data 
analysis. This is the phase where exploration occurs. The researcher is looking for patterns in the 
data and general associations. The second phase is the confirmatory phase. This phase is more 
often focused around discovery and analysis. Once a researcher has a question, they look to 
answer it, typically using advanced statistical techniques. The final stage is communication and 
presentation. This stage is focused on delivering the findings of the research to the audience in a 
manner they can comprehend.  
The analytic development process was showcased in the journal article as well as in my 
visualization dashboard. For the exploratory phase of the analysis, the journal article had a table 
of baseline characteristics by state Medicaid expansion status and a figure that showed the 
unadjusted trends in coverage outcomes (Appendix A, Figures 2 and 3). Essentially, the table 
showed simple statistics, counts, means, standard deviations, and p-values for factors that might 
be associated with increased health coverage. The figure showed a graph of unadjusted 
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insurance coverage over time, comparing states that adopted Medicaid expansion to those that 
did not.  
The consensus among the participants in the evaluation was that the visualization was an 
effective means to explore the data and dig for patterns. Many participants also found that the 
visualization approach could support the design of the overall analysis of the study. For 
example, one participant said about the visualization tool, “You could see how things are 
changing over time and in different areas, and could see clusters, and with the map, it is easy to 
see the differences.” Additionally, many agreed that a visualization approach would be helpful in 
light of theory. One participant said, “You still need the data points, but if your theory doesn’t 
specifically point to an association, you could try to pull this from a visualization.” In comparison 
to the journal article, where point estimates were seen, the participants found the visualization 
to be helpful in the exploratory stage of the process because they seemed to consider the tool 
exploratory in nature.  
The confirmatory stage of the analysis in the journal article was represented by a table that 
showed the changes in health insurance coverage and health utilization in states with Medicaid 
expansion (Appendix A, Figure 4). This table presented a difference-in-difference estimate that 
answered the hypothesis of whether ACA Medicaid expansion was associated with higher 
insurance coverage. Indeed, the article concluded that ACA Medicaid expansion was associated 
with increased rates of insurance coverage, and this finding was statistically significant.  
Unfortunately, many participants found my visualization to be harder to access for the 
confirmatory analysis stage. Although they found the interactivity of the map useful for the 
ability to stratify the sample, a majority of participants mentioned that this was not equivalent 
to adjusting for things, and that the visualization could not substitute for a statistical test. Some 
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suggested including point estimates and p-values in my visualization as a way to increase the 
functionality and make it more available for confirmatory analysis. However, most of the 
participants also seemed to suggest that visual tools are beneficial for individuals who lack a 
technical background and support increased access for stakeholders who want to explore data 
in a broader way. Additionally, a participant mentioned that visual aids might also help to 
visually represent the magnitude. A 7% decrease in the percentage of uninsured might be less 
understandable as just a number than it would be in a visual context. 
The communication stage of the analysis was seen in the journal article through how they 
communicated their results. An article format was used and tables and figures were used to 
communicate their findings. Participants generally believed that visualization could play a 
beneficial role in this stage of the analysis. They saw that visualization could grab the attention 
of the media, communicate to the mainstream while reducing technical jargon, and make 
information accessible to a wider audience.  
One participant mentioned how her colleagues contributed to work that they published in a 
well-regarded peer-reviewed journal, but it was not until they created a visualization that they 
were able to gain media attention for the findings of the paper and saw them published in the 
New York Times. She said: 
Journals have a bunch of tables, and it takes a lot of thought for people to analyze, often 
times they don’t have legends. This is okay for when you are trying to answer a specific 
question. Journal articles cater to a specific audience, but if you want a broader 
audience, move toward visualization. 
 
Indeed, many participants believed that visualization provided utility for a wider audience to 
dissect and understand analytic insights, and that interactivity allowed for individuals to get a 
more nuanced view of the data.  
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Notably, the visual analytics tool in this case study enables the segmentation of populations 
based on three types of factors: geographic, temporal, and multidimensional. Overall, 
participants agreed that in terms of showing geographic data, the visualization approach was 
more useful than the tables and figures from the article. They found that the map really helped 
support the visualization because it connected the other dimensions with the map, which made 
it clear for users to understand the variations and trends in the percentage uninsured. Users also 
found that it was easy to see county-specific trends and to make county-by-county comparisons.  
One of the drawbacks that participants noticed was that the map inherently portrays some 
inaccuracies. For example, one participant noted that “Alaska looks really big, but its size may 
not actually be that large,” essentially noting the fact that proportionality was something that 
the user might take for granted when looking at the map. Other things that participants 
mentioned included the fact that county size and even state size were not adjusted for in the 
county-level outcome estimates; therefore, this may not be a perfect depiction of things on the 
ground. Most noted that with visualizations, different people tend to see different things. For 
example, individuals see colors, shapes, and sizes differently, so there is some fluidity of 
interpretation that may not be standardized across all users. However, generally participants 
concluded that the visualization tool was better in providing results about the geographic 
component of the data, in contrast to the tables and figures they saw in the journal article.  
Additionally, participants felt that the temporal aspect of the data was better displayed on the 
visualization tool than in the journal article. Many participants mentioned that they were able to 
see the year-by-year trends and how they changed for different subgroups. One participant 
mentioned that the “map gives you the spatial context, the year-by-year changes over time, and 
across the country,” and that although the conclusion about the positive impact of ACA 
Medicaid expansion on the uninsured rate was the same through examining the visual tool and 
27 
 
the article, “you get more out of the visual.” Furthermore, participants comparing the visual tool 
to the journal article thought that the visual tool provided a much more granular view of the 
data, whereas the information was much more aggregated in the article.  
Finally, participants seemed to find benefits in using visualization for displaying the 
multidimensional component of the data. Most participants found that the multidimensionality 
of the visualization was well integrated. Particularly, participants found that differences in 
outcomes between subgroups were something that they could understand more clearly from 
the visualization, whereas in the article, the figures did not make these differences 
understandable. Participants also liked the fact that in the visualization presented with the map, 
year-by-year variations were more clear, whereas in the journal article, the tables with a single 
point estimate were not enough to show the variations inherent in the data. Furthermore, 
participants liked that the multidimensionality of the data was interactive, allowing them to see 
the relationships between variables and over time. Some drawbacks that participants 
mentioned were that it could be at times overwhelming in terms of making multiple changes to 
different factors and interpreting it was quite difficult.  
Overall, participants found that the visualization tool was useful to understand analytic insights. 
Participants found the fact that the map was interactive to be useful, particularly in exploring 
the impact of the ACA Medicaid expansion for different subgroups. Ultimately, participants were 
able to see that the ACA Medicaid expansion improved outcomes. Specifically, participants using 
the visualization tool found that the percentage uninsured decreased over time for states that 
expanded Medicaid versus those that did not, and generally the percentage uninsured went 
down over time. This was the same conclusion that was drawn from the article: namely that the 
ACA Medicaid expansion was associated with decreased rates of underinsured for states who 
expanded Medicaid versus those who did not, and this was statistically significant. The fact that 
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a majority of the participants in the evaluation came to this conclusion supports my hypothesis 
that visualization can support the dissemination of analytic insights in understanding temporal, 
geographic, and multidimensional data for a variety of users in health care. 
Limitations  
A limitation of my study is that it was not an apples-to-apples comparison. My visualization used 
County Health Rankings data from 2011-2015 that was yearly county-level data, whereas the 
journal article used data from a National Health Interview survey consisting of aggregated yearly 
state-level data that was further aggregated with state-level data to make a measure for 
expansion versus non-expansion.  
Participants in the evaluation also brought up some important limitations of the visualization 
tool. One participant found that the fact that the visualization tool showed more granular, 
county-level data, rather than the point estimates provided in the figures in the journal article, 
made it not a one-to-one comparison of outcomes. Indeed, this participant said that the 
visualization was closer to the raw data; the fact that it was so granular made it harder to draw 
definite conclusions from the visualization. Furthermore, he mentioned that the data in the 
visualization was not always consistent across time periods. For example, he noticed that there 
were gaps in data for different variables across time periods, making it hard to draw conclusions 
as a result; this was the case even when looking at an aggregate level. He mentioned that with 
the visualization tool, individuals have to “visually compute the summary statistic in their mind, 
based off of color, which could be challenging.” The same participant saw my visualization as 
good for looking at a specific area, but said that when the resolution is “tailored by county, the 
visualization can only go so far in how you mentally assign the statistics” and “trying to assign 
the mean color across the statistic” is hard to do, whereas if you have a specific area that you 
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are examining, it reduces the amount of information by color that you have to absorb. However, 
the same participant did mention that if the visualization tool showed the difference-in-
difference estimate as the outcome rather than the percentage uninsured estimate, the tool 
could prove more useful.  
Many participants in the study pointed to the fact that my tool, and visualization as a whole, is 
not as powerful in the confirmatory analysis stage. Visualizations start to hit barriers in terms of 
the analysis possible with a visualization tool. Many participants found that if you have a 
question that you need to answer, “it is best to go back to the numbers and apply the 
appropriate statistical analysis to confirm or disprove your hypothesis, and certainly using 
rigorous statistical methods [is] key to that.” One participant also mentioned that “statistical 
significance is hard to visualize.” 
Two out of five participants brought up the fact that visualization can lend itself to bias. An 
example of this is demonstrated by the inherent human limitations of visualizing data. In short, 
different users can find different results. Individuals can have different interpretations of the 
same visualization because of how they see the color, shape, and size of an image. One user 
mentioned that a disadvantage of using visual analytics to display the multidimensional aspect 
of the data in this visualization tool was that it could “get a bit overwhelming and one could be 
easily distracted by all the things that you can see in the visualization.” Thus, it may be harder to 
summarize the important findings for each user. Participants also mentioned that the “map-
level data distorts some dimensionality, as it would appear that there is normality across the US 
in terms of population and geographic size, when this is not actually the case.”  
 Another participant spoke to the issue of the misconceptions that visualization can bring: 
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There are a lot of things that a person who is visualizing the data might see that might 
not be standard across all who are visualizing the data. With visualization, the expert is 
being removed, which may not be safe. Because I can look at the data directly, I can 
draw conclusions that might not be vetted by research. In a paper, you know that the 
data is processed, analyzed, and presented, and more so it is vetted; so there is no room 
for misinterpretation. Therefore, there is more trust in the researcher’s capability to 
analyze than what the average person who sees the visualization sees. 
 
This is a perceptive description of the difference between standalone visualizations and peer-
reviewed journal articles. With visualization alone, there is always the risk that users can take 
away different findings, whereas with journal articles, the conclusions that are to be drawn are 
made explicit and known to the reader. Visualizations seemingly leave more to interpretation. 
Discussion  
Implications 
One of the takeaways from the evaluations that were conducted was that participants really 
valued the positive attributes that visualization can bring to analytic development. Many 
participants contended that visualization should belong in every step of the analytic 
development process, including the exploratory, confirmatory, and communication and 
presentation phases. Certainly, however, in each step, visualization might be used differently. 
Another general finding came from the fact that human bias can factor into visualization. As 
such, visualizations need to allow users to explore as much as they need to educate them about 
the inherent bias in the visualization.  
One participant in the evaluation put it best. He recommended that “academic speak be 
translated into visualization in order to get analytics across to a wider audience and reduce the 
barrier to entry for advanced statistical understanding.” He went on to say that incorporating 
visual analytics “into academic journals doesn’t take away from the paper, but rather adds to it, 
and would help the dissemination of the paper.” In short, “you can’t complain that the article 
isn’t being shown in the New York Times if you can’t explain it to people who read the New York 
31 
 
Times.” However, he was also careful to state that visualization should go through some 
standardization technique. He mentioned: 
[I] would be careful [not] to underestimate the stupidity of the average person looking at 
visualization because the average person will make misconceptions about what the 
visualization means. It is necessary to have a process to test any visualization being used 
with a large test sample, with a spectrum of different users before publishing the 
visualization. 
 
Future Work 
Moving forward, many participants agreed that journal articles should move online, not only in 
journal databases, but also available more freely to the public in mediums such as blogs and 
news articles. Additionally, participants agreed that journal articles should include more 
visualization. Toward this end, journals should have a research translator person, a visualization 
person, and a blogging person. With every article that has something important to share, they 
should make researchers put in three paragraphs, have the visualization person work with the 
researcher to build an accurate visualization, and have a blogger ensure that the visualization is 
something that can be understood by a mainstream audience. It may not be necessary to have 
every article do this, but systematic literature reviews that summarize the evidence that is true 
should have a visualization. Future work should explore the utility of models that integrate 
visual analytics into each stage of the analytic development process in journal articles.  
Conclusion 
This study has shown that visual analytics can be used to understand geographic, temporal, and 
multidimensional trends in health care. Furthermore, it has shown that visual analytics can help 
a variety of users understand analytic insights, not just those who are familiar with advanced 
statistical techniques. It seems then that visualization has a role to play in analytic development, 
but so too does the traditional approach of using journal articles to advance analytic insight. 
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These two techniques to disseminate information should not be siloed: instead, they should be 
integrated. Overall, visualization has been shown to be effective in the exploratory analysis 
phase and in the communication and presentation stages of analytic development. However, in 
the confirmatory analysis phase, using a more traditional approach with statistical inference 
seemed to be appropriate in order to test a hypothesis with statistical confidence.   
 
  
33 
 
Acknowledgements 
This project would not have been possible without the support of my advisor, David Gotz, Ph.D. I 
would also like to thank Matthew Jenson, who is a data analyst at Odum Institute at UNC, 
Chapel Hill. We worked together fiercely for a month and a half on the Tableau piece, and his 
expertise was invaluable. I would also like to thank my evaluators—you know who you are; 
much thanks.  
  
34 
 
Appendix A 
Figure 1 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
35 
 
Figure 2 
 
 
Figure 3 
 
 
 
 
36 
 
Figure 4 
 
Appendix B 
Survey Questions for Evaluation 
There are three stages of work for a journal and this is also seen in analytic development. The 
first is exploratory analysis. The second is confirmatory analysis (discovery and analysis). The 
third is communication and presentation. What are the advantages/disadvantages of 
visualization at each stage? 
What are the advantages of visualization on the whole? 
What are the disadvantages of visualization on the whole? 
What are the advantages/disadvantages of visualizing geographic data? 
What are the advantages/disadvantages of visualizing temporal data? 
What are the advantages/disadvantages of visualizing multidimensional data? 
What trends do you see with the dashboard/visualization? 
What trends do you see in the journal article? 
Appendix C 
Additional Dashboards Created 
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